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ABSTRACT
Background. Estimating volumes and masses of total body components is important
for the study and treatment monitoring of nutrition and nutrition-related disorders,
cancer, joint replacement, energy-expenditure and exercise physiology. While several
equations have been offered for estimating total body components fromMRI slices, no
reliable and tested method exists for CT scans. For the first time, body composition
data was derived from 41 high-resolution whole-body CT scans. From these data, we
defined equations for estimating volumes and masses of total body AT and LT from
corresponding tissue areas measured in selected CT scan slices.
Methods. We present a new semi-automatic approach to defining the density cutoff
between adipose tissue (AT) and lean tissue (LT) in such material. An intra-class
correlation coefficient (ICC) was used to validate the method. The equations for
estimating the whole-body composition volume and mass from areas measured in
selected slices were modeled with ordinary least squares (OLS) linear regressions and
support vector machine regression (SVMR).
Results and Discussion. The best predictive equation for total body AT volume was
based on the AT area of a single slice located between the 4th and 5th lumbar vertebrae
(L4-L5) and produced lower prediction errors (|PE| = 1.86 liters, %PE = 8.77) than
previous equations also based on CT scans. The LT area of the mid-thigh provided the
lowest prediction errors (|PE|= 2.52 liters, %PE= 7.08) for estimating whole-body LT
volume. We also present equations to predict total body AT and LT masses from a slice
located at L4-L5 that resulted in reduced error compared with the previously published
equations based on CT scans. Themultislice SVMRpredictor gave the theoretical upper
limit for prediction precision of volumes and cross-validated the results.
Subjects Nutrition, Radiology and Medical Imaging
Keywords Whole-body CT scans, Body composition, Single slices, Lean tissue, Adipose tissue,
Volume and mass estimation
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INTRODUCTION
Body composition analysis is a vast field of research that encompasses a wide range of
analytical procedures. This diversity is reflected in the existence of different levels of body
composition, i.e., atomic, molecular, cellular, tissue system. At the tissue system level,
body components that can be distinguished include the following (Mourtzakis et al., 2008;
Heymsfield, 2008): bone, skeletal muscle, visceral organs, brain, and adipose tissue (AT).
Total AT can be divided into the following anatomic groupings (Shen et al., 2003): bone
marrow, subcutaneous AT and internal AT (that is both inter-visceral and inter-muscular).
In the present paper, we refer to bone, skeletalmuscle, visceral organs and the brain grouped
together as total lean tissue (LT) in contrast to total AT (Kvist et al., 1990).
Readily available, techniques such as dual-energy X-ray absorptiometry (DXA) and
bioelectrical impedance analysis (BIA) are widely used to estimate body composition.
Being fast, noninvasive and not expensive, DXA is usually seen as the gold standard
for estimating body composition. Estimating the volumes and masses of total body
components, i.e., either AT or LT, is paramount in numerous areas, such as in research
on nutrition and nutrition-related disorders like obesity, sarcopenia and anorexia nervosa
(Ballor & Katch, 1989; Duren et al., 2008; Bredella et al., 2010; Thibault, Genton & Pichard,
2012; Prado & Heymsfield, 2014; Pedrera-Zamorano et al., 2014; Lee et al., 2015); cancer
treatment and joint-replacement, inwhich knowingAT andLTproportions is important for
the planning of treatment or surgery and for following the patient’s response to treatment
or surgery as well as the evolution of the disease (Mourtzakis et al., 2008; Prado, 2013; Prado
& Heymsfield, 2014); and research into energy-expenditure and exercise physiology (Wells,
2012;Mazzoccoli, 2016). DXA scanners are not always available in all those clinical settings
(Mourtzakis et al., 2008) but lower limb CT scans in particular are often performed in these
medical contexts. Therefore, being able to estimate body composition fromCT scans would
benefit several clinical areas without requiring additional irradiation or examinations.
Computed tomography (CT) and magnetic resonance imaging (MRI) offer direct
images of the body components that can be measured straightforward in an accurate and
reliable manner (Rössner et al., 1990; Leahy, 2011; Shuster et al., 2012). Moreover, it has
been demonstrated that body components measured on specific CT scan slices are highly
correlated with masses of whole-body tissues as estimated by DXA (Mourtzakis et al., 2008)
and volumes estimates either based on 22 CT slices (Kvist et al., 1988a) or on approximately
40 MRI axial images (Shen et al., 2004b). Several equations have been derived from these
data for the utilization of single slices at the waist level as surrogates for estimating total
body composition. Although very useful in a clinical context, the most recent equations
(derived from DXA body composition data) have been demonstrated to be inaccurate in
estimating total body components volumes (Kilgour et al., 2016). However, high-resolution
whole-body CT scans have not thus far been used to determine total body composition
more accurately than DXA, nor have equations for estimating total body AT and LT from
single slices been derived from such data.
Therefore, the first aim of this study was to determine a method to directly measure
whole-body components data from whole-body CT scans. The second objective was to use
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Table 1 Sample characteristics.
♀ (n= 5) ♂ (n= 36) ♀+♂ (n= 41)
Mean SD Range Mean SD Range Mean SD Range
Age (years) 55 9 48–71 53 14.1 20–87 53.3 13.5 20–81
Body weight (kg) 51 13.1 40–73 70.9 13.2 46–98 68.4 14.6 40–98
Stature (cm) 161 3.5 158–166 173.2 6.8 161–188 171.7 7.6 158–188
Notes.
SD is the standard deviation.
this data to improve the existing equations for estimating total body AT and LT volumes
and masses from selected CT scan slices. First, we introduce a new approach to measure
body composition from whole-body CT scans data and we present its validation test. Then,
we present new equations derived from this data for estimating body composition based
on measurements of tissue areas on selected CT scan slices.
MATERIALS
We analyzed part of a dataset of whole-body CT scans performed on cadavers at the
University of Copenhagen, Department of Forensic Medicine, Unit of Forensic
Anthropology in Copenhagen, Denmark (Villa et al., 2017). No formal ethical consent is
needed from Danish ethical committees to work with CT images of dead humans. Medico-
legal autopsies aremandated by the police and CT scans are part of the routine investigation
at the Department of Forensic Medicine (University of Copenhagen). The Department of
Forensic Medicine adheres to Danish standards accreditation regarding data security. No
personalized data can be exported from the systems. All personal data are removed from all
images, as they have nouse in the project; only age, sex, weight andheight datawere retained.
Bodies were scanned within three days after death and exhibited very limited or none sign
of decomposition The bodies were stored in a cold environment of 4–5 ◦C prior to being
scanned. The sample was randomly constituted; it corresponds to people who diedwhen the
data was collected (Villa et al., 2017). The sample consisted of 36males and five females with
a range of weight that encompasses a large diversity (Table 1); five individuals are considered
underweight, 20 have a weight within the physiological range, 15 are considered overweight
and one is considered obese. The assignation of nutritional statuses corresponds to the
BMI classification established by the WHO in 1995 (World Health Organization, 1995).
Bodies have been weighed on an electronic scale with clothes removed prior to autopsy.
Light devices such as intra-uterine devices and tubes from operations were left in place. The
stature wasmeasured using ametal ruler from the sole to the top of the head on corpses that
were lying in a horizontal position. Males have been scanned using a Siemens Sensation
4 scanner with the following settings: 120 kV, 112.50 mAs, 2 or 3 mm slice thickness, 2
or 3 mm increment and either B30f, B31f or B60f reconstruction algorithms. Male stacks
were combined from one (n= 5), two (n= 34) or three (n= 2) partial scans. Female scans
were entirely performed in one run, using a Siemens Somatom Definition CT scanner with
the following settings: 120 kV, 190 mAs, 3 mm slice thickness, 3 mm increment and a B30f
reconstruction algorithm.
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METHODS
Body composition assessment on whole-body CT scans
We used Mimics R© (Materialise Interactive Medical Image Control System, Materialise
HQ, Leuven, Belgium) for the majority of the analysis. Mimics R© is an image processing
software for 3D design and modeling. The freeware FIJI (Schindelin et al., 2012; Schneider,
Rasband & Eliceiri, 2012) was used to identify the optimal AT density range.
In order to assess body composition from whole-body CT scans, issues regarding the
distinction between AT and LT densities across the whole body had to be addressed.
Techniques usually used to distinguish AT from the other body components involve
either manual correction, encircling zones, the use of fixed density ranges, selection of a
region of interest based on edge-detection filters or watersheds or combinations of these
techniques (Kvist et al., 1988b; Mitsiopoulos et al., 1998; Lemieux, Lesage & Bergeron, 1999;
Yoshizumi, Nakamura & Yamane, 1999; Irving et al., 2007; Mourtzakis et al., 2008; Bredella
et al., 2010). These techniques are not applicable to whole-body CT scans, given the large
number of images that compose a whole-body scan stack, the need of determining intra-
or peri-muscular ATs that are not regularly located, and the existence of a large number
of structures that constitute the total body AT (Shen et al., 2003). Moreover, the density
ranges for AT vary; the thresholds are typically located between−190 and−30 Hounsfield
units (HU) for subcutaneous AT and between −250 and −50 for visceral AT. A study
(Rössner et al., 1990) revealed similar AT areas at the waist level based on measurements
from cross-sectional planimetry of two cadavers and measurements from CT scans slices
of the same individuals in which the AT was defined from −250 to −50, or −190 to
−30 or −140 to −40. However, while the differences based on single slices taken at the
waist level are not significant, the different ranges of HUs used for the definition of AT
on the whole-body CT scans created substantial discrepancies in our sample. There are
also advanced segmentation methods (Zhang & Wu, 2011), however they are generally not
implemented in softwares used for clinical purposes.
Given these limitations, we established a repeatable protocol for differentiating AT and
LT densities on whole-body CT scans that is calibrated on an individual basis to mitigate
the errors introduced by different scan parameters.
We set the lower AT threshold to -205 HU, which is the default setting in Mimics R©.
To determine the AT density upper limit (and cutoff with LT), we defined a strategy for
whole-body CT scans developing the protocols of Kvist et al. (1990) and Lemieux, Lesage
& Bergeron (1999). We averaged the upper density limits on a total of three slices at eight
locations, including four AT upper density limits and four upper density limits of the
transition between AT and LT by using the tool to plot histograms from drawn lines in FIJI
(Fig. 1). The three selected slices corresponded to well-defined anatomical locations, i.e., the
waist (between the 4th and 5th lumbar vertebrae), the gluteal region (defined in this study
as being located at 85% of maximum femoral length) and the knee (defined in the present
study as being located at 15% of the maximum femoral length). The densities of these
eight locations were displayed one by one on eight histograms in FIJI and corresponded to
three different types of AT: visceral AT, muscular AT, and subcutaneous AT. The latter,
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Figure 1 Three slices (A is between the 4th and 5th lumbar vertebrae, B is at 85% of the maximum
femoral length, and C is at 15% of the maximum femoral length) were used to set the AT upper density
limit by averaging eight specific upper density limits that can be displayed in FIJI by drawing lines (a to
h) on the slices and displaying the related histograms.
being the largest amount of AT existing in the body, was plotted twice (both at the waist
and buttock levels) which reduces the unnecessary inter-rater variation. To get the eight
upper densities that we then averaged and took as the cutoff density between AT and LT,
we proceed such as follows:
• On a slice located between the 4th and 5th lumbar vertebrae (subsequently called L4-L5
level), four histograms are generated in FIJI (using the shortcut cmd+K after drawing
one line at a time) as illustrated in Fig. 1A: lines (a) and (b) correspond to 100% of the
subcutaneous AT and visceral AT, respectively; and lines (c) and (d) are traced to obtain
histograms of approximately 50% of the LT (either erector spinae or transversospinal
muscles or kidney) and 50% of the subcutaneous AT and visceral AT, respectively.
• At 85% of the maximum femoral length (Fig. 1B), two density histograms are generated.
One histogram, generated from line (e), is composed of 100% of the subcutaneous AT,
and the other histogram, from line (f), represents the density of the line that passes
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from the muscle (gluteus maximus) to the subcutaneous AT with the middle of the line
located at the transition between the two tissues.
• The slice located at 15% of the maximum femoral length (Fig. 1C) is used to draw two
lines that are composed of 100% of the muscular AT (g) and contain approximately
50% of the muscle and 50% of the muscular ATs (h), respectively. The knee level was
chosen because it conveniently and quite clearly displays the muscular AT.
In our sample, the AT upper density limit was typically found between −16 and 26 HU
(mean=−3, SD= 10). Once the upper density limit for the AT was found, the LT inferior
density limit was set to correspond to the AT upper density limit +1 HU. The superior
density limit corresponds to the maximum attenuation unit (in HU) of the scan.
Prior to voxel classification, we denoised the whole stack of images using a median filter,
with a neighborhood size of 3 × 3 × 3 voxels. This filter suppresses noise, but does not
distort edges.
The processing of CT scans involves the creation of masks that correspond to the body
components (AT and LT). Following the protocol described above for tissue densities
determination in whole-body CT scans, we were able to display masks corresponding to
the AT and LT volumes for the whole body (exemplified for specific slices on Fig. 2). The
mask volumes were recorded in liters for the total body and in cm2 for the three single-slices
located between the 3rd and 4th lumbar vertebrae (L3-L4), L4-L5 and at the mid-thigh
(halfway through the maximum femoral length).
We evaluated the repeatability of our tissue segmentation protocol using intra-class
correlation coefficients (ICCs) (Landis & Koch, 1977) and Bland-Altman plots (Fig. 3).
Ten different scans (from five males and five females encompassing a large range of BMIs,
i.e., one underweight, three normal-range and one overweight subject for each sex) were
processed. The resulting AT and LT volumes were used to calculate the ICCs. To evaluate
the inter-rater error, the first author acted as the first rater (ALJ) and the second rater was
a non-trained intern in bio-anthropology. He received a written protocol similar to the
one described above along with rapid training. The intra-rater error was assessed based on
the performance of the first observer in rating the same sub-sample twice at an interval
of two weeks. We obtained ICCs of 0.9803 for the AT and 0.8831 for the LT between
raters. ICCs of 0.9833 for the AT and 0.9909 for the LT were obtained for the intra-rater
agreement. These findings are consistent with nearly perfect agreement between the raters.
Additionally, the B-A plots for the AT and LT volumes obtained from the two raters show
that most pairs of points display a difference of±1 liter and almost all of them are situated
within the 95% confidence intervals (dashed lines on Fig. 3).
The total body AT and LT volumes obtained from our sample are provided in Table 2.
Additionally, we calculated the AT and LTmasses (Table 2). The ATmasses were converted
from liters using the known density of fat, i.e., 0.92 kg per liter (Kvist et al., 1990). The LT
masses were obtained by the subtraction of the AT masses from known weights.
Body composition estimation from selected slices
We used ordinary least squares (OLS) linear regression to identify linear equations that
related the total body tissue volumes and masses to the corresponding areas from the
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Figure 2 Classified AT (red) and LT (yellow and white) exemplified on the slices located between the
4th and 5th lumbar vertebrae (A), at 85% of the maximum femoral length (B) and at 15% of the maxi-
mum femoral length (C).
Table 2 Whole-body AT and LT volume (in mm3) andmass (in kg) data of the sex-pooled sample
(n= 41).
Volume Mass
Mean SD Range Mean SD Range
Adipose tissue 22.7 9.4 5.8; 43.3 20.9 8.6 5.3; 39.8
Lean tissue 40 9.3 18.4; 58 47.5 9.4 31.2; 64.7
Notes.
SD is the standard deviation.
specific slices. In all cases, we checked the assumptions of the OLS regressions. These tests
included Durbin-Watson test for residual autocorrelation and the Breusch-Pagan test for
residual heteroscedasticity. The residual normality was checked using a Q-Q plot, and
finally, ANOVA was performed to verify the significance of the linear fit. We evaluated
these fits and those of the two other sets of equations published for body composition
prediction from single CT scan slices (Kvist et al., 1988a; Mourtzakis et al., 2008) using
the mean absolute error of prediction (|PE|). This measure is simply the average of the
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Figure 3 Bland-Altman plots of the inter-rater agreements in measuring total lean volume (A) and
total fat volume (B).Most of the pairs of data are within the 95% confidence intervals (bounded by the
dashed lines), showing a high inter-rater agreement.
absolute values taken from the differences between the measured and predicted values.
We also compared the results with the mean percent prediction error (%PE) calculated as
((observed−predicted)/predicted)∗100. We compared the accuracies of the combined
and separate equations in terms of the mean absolute error using a paired Wilcoxon
signed-rank test.
Finally, we used support vector machine regression (SVMR) to create a predictionmodel
of AT and LT volumes based on AT and LT areas in all of the L3-L4, L4-L5 and mid-thigh
slices. A linear kernel was used. The model was fit to the entire sample without using sex
as a factor. Again, the accuracy of prediction was evaluated with the mean absolute error.
Furthermore, we checked for over fitting by calculating these mean absolute errors with
leave-one-out cross validation.
All statistical processing was performed with R (R Development Core Team, 2015), using
the packages irr (Gamer et al., 2005) and e1071 (Meyer et al., 2015). In all cases, statistical
significance was defined at the level of α= 0.05.
RESULTS
Total body AT volume
Although it has been done several times from MRI data, Kvist et al.’s study (Kvist et al.,
1988a) is, as far as we know, the only one that aimed to set an estimate of total body
composition from CT scans slices. Kvist et al.’s equations have been set up to estimate total
body composition from a single-slice located at L4-L5 level. The regressions are based on
a set of 22 slices that were used to derive whole-body composition data. AT was quantified
from toe to finger tips (arms stretched over the head) by encircling the areas of interest
with a light pen and calculating the pixel distribution with attenuation values between
−190 and−30 HU on 22 slices. Knowing the distances between each scan, the volume was
Lacoste Jeanson et al. (2017), PeerJ, DOI 10.7717/peerj.3302 8/18
Table 3 Predictive equations and their respective mean errors in the estimation of the whole-body AT
volume (liters) from the AT areas (cm2) of single CT scan slices.
Study Models Equations |PE| %PE
Kvist et al. (1988a) ♀ whole-body AT volume estimated
from AT area at L4-L5 level
0.0778∗AT L4-L5−0.59 2.27 18.55
♂ whole-body AT volume esti-
mated from AT area at L4-L5 level
0.0693∗AT L4-L5+0.09 4 17.55
Current study ♀+♂ whole-body AT volume esti-
mated from AT area at L3-L4 level
0.069∗AT L3-L4+4.691 2.20 11.56
♀+♂ whole-body AT volume esti-
mated from AT area at L4-L5 level
0.074∗AT L4-L5+2.737 1.86 8.77
♀+♂ whole-body AT volume from
AT area at mid-thigh level
0.173∗ATmid-thigh+5.543 5.09 24.06
Notes.
|PE| is the mean absolute prediction error, provided in liters. %PE is the mean percent prediction error calculated as
((observed−predicted)/predicted)∗100.
derived according to the equation V =∑23i=1 ai(bi+ci)2 where aj is the distance between scans
and bj and cj are the AT areas in adjacent scans. The equations are sex-specific and based
on a sample that encompasses quite a wide range of body sizes.
Using the total body AT data derived from the whole-body CT scans in our sample of 41
individuals, we were able to test Kvist et al.’s predictive equation against our new predictive
equations based on the AT areas at the mid-thigh, L3-L4 and L4-L5 levels and evaluate
their respective mean errors (Table 3 and Fig. 4A).
The error was lower when the sex-specific equations were applied in our sample, but this
difference was not significant. Moreover, all of the ANOVA p-values were below 0.0001.We
therefore present only the equations for the sex-combined samples. The mean errors were
lower for the new regressions than for Kvist et al.’s sex-specific regressions despite the new
regressions being sex-pooled. Kvist et al. did not provide any insight into the sex-specificity,
although neither the results nor the errors seem to differ significantly between the sexes.
Moreover, our sample contained only 5 females, which is clearly insufficient for defining
separate equations.
Total body LT volume
We also tested the performance of the equations in the estimation of the whole-body LT
volumes from single slices (Table 4 and Fig. 4B). The whole-body LT volume estimates
produced the least error when based on the mid-thigh slice (in comparison with either
waist slice).
Total body AT and LT masses
One study (Mourtzakis et al., 2008) has provided a set of equations for predicting the total
body fat (FM) and fat-free masses (FFM) from a AT and LT areas of two CT scan slices
located between the 3rd and 4th lumbar vertebrae. The AT and LT areas were determined
with fixed density ranges (manually corrected when needed) of−190 to−30 HU and−29
to 150 HU, respectively. The FM and FFM data were derived from DXA analysis.
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Figure 4 Linear regression predicting whole-body AT volume (A), LT volume (B), ATmass (C), LT
mass (D) by respective areas measured on singles-slices located at either L3-L4, L4-L5 or thigh levels.
Using the total body AT and LT mass data derived from our sample of whole-body CT
scans, we have provided a set of equations for estimating total body AT and LT masses
from AT and LT areas measured on the slice that provides the lowest prediction error, i.e.,
the slice located at the L4-L5 level (Table 5 and Figs. 4C and 4D). A comparison of the
results with those of Mourtzakis et al.’s sex-pooled equation estimates for our sample is
also provided.
Similarly to the volume predictions, the prediction pattern for the whole-body tissue
masses based on single slices exhibited lower mean absolute errors for the AT than for the
LT. However, although the error for estimating masses was quite low, it was greater than
the error for estimating volumes.
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Table 4 Sex-pooled predictive equations and their respective mean errors in the estimation of the
whole-body LT volume (liters) from the LT area (cm2) of single CT scan slices.
Models Equations |PE| %PE
♀+♂ whole-body LT volume estimated from
LT area at L3-L4 level
0.147∗LT L3-L4+8.866 4.48 12.09
♀+♂ whole-body LT volume estimated from
LT area at L4-L5 level
0.162∗LT L4-L5+5.586 3.63 12.42
♀+♂ whole-body LT volume estimated from
LT area at mid-thigh level
0.108∗LTmid-thigh+13.021 2.52 7.08
Notes.
|PE| is the mean absolute prediction error, provided in liters. %PE is the mean percent prediction error calculated as
((observed−predicted)/predicted)∗100.
Table 5 Predictive equations and their respective mean errors for the estimation of the whole-body
AT and LTmasses (kilograms) from the LT and AT areas (cm2) of single CT scan slices.
Study Models Equations |PE| %PE
Mourtzakis et al. (2008) ♀+♂ whole-body FM from
AT area at L3-L4 level
0.042∗AT L3-L4+11.2 3.23 22.49
♀+♂ whole-body FFM
from LT area at L3-L4 level
0.14∗LT L3-L4+0.72 6.92 18.41
Current study ♀+♂ whole-body AT mass
from AT area at L4-L5 level
0.0677∗AT L4-L5+2.5177 1.71 8.77
♀+♂ whole-body LT mass
from LT area at L4-L5 level
0.1839∗LT L4-L5+14.6903 3.67 8.01
Notes.
|PE| is the mean absolute prediction error, provided in kilograms. %PE is the mean percent prediction error calculated as
((observed−predicted)/predicted)∗100.
Multislice predictions of total volumes
The multislice predictor based on SVM regression produced the most accurate predictions.
The AT volume was predicted with a mean absolute error of 1.5 liters (1.93 liters with
cross-validation). The LT volume was predicted with an error of 2.24 liters (2.35 liters
cross-validated). The R script for the multislice predictor is provided in the Supplemental
material.
DISCUSSION AND CONCLUSIONS
First, the correspondence of real body composition versus body composition assessed
through CT could be called into question. However, the volumes andmasses of water-filled
balloons and several organs (in situ and excised) have been demonstrated to be accurately
measured in CT scans (Heymsfield et al., 1979). Similarly, AT surface measurements from
CT slices and the corresponding cross-sectional planimetry at the waist level can provide
very similar results for male cadavers (Rössner et al., 1990). As far as we know, the only
study that actually assessed body composition from whole-body images is the one of Shen
et al. (2004a) that is based on semiautomatic segmentation performed on an ‘‘in-house
image segmentation software program’’ that is not readily available.
The correspondence of body composition measured on cold cadavers to body
composition measured in the living could also be questioned. The only measured variables
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from CT scans in this study are adipose tissue and lean tissue. It has been shown that HU
ranges of blood and serous fluids measured within a few days after death are comparable
to those of the living (Zech et al., 2014). As for the influence of storage condition on
radiodensities, the same experimental study demonstrated that mean HU ranges of the
blood and serous fluid at temperatures of 4 to 40 ◦C only vary at a maximum of 10 HU
and never overlap (Zech et al., 2014).
The protocol for assessing the statistical advantage of using sex-specific prediction
equations over sex-pooled equations for the entire sample has been set up as follows. The
prediction errors were calculated for each specimen (n= 41) with both the sex-separated
and sex-pooled equations. These errors were tested using paired Wilcoxon signed-rank
tests. Kvist et al.’s study (Kvist et al., 1988a) provided sex-specific equations but no specific
justification was given.Mourtzakis et al.’s (2008) study assumed that sex did not influence
the relationships between the areas of body components on a single slice and total body
component masses based on a study (Shen et al., 2004a) that only addressed issues related
to visceral adipose tissue and not any other tissue. These authors did not test the actual
influence of sex on the results or equations. Nevertheless, even with our very limited sample
of five females, it should be noted that the single-slices at the mid-femur location seemed
to produce better, albeit non-significantly better, estimations of total body components
in females than in males. Although this hypothesis still requires further testing on a larger
sample, it correlates with previous assertions of a sex-dependent AT distribution that tends
to be located more subcutaneously (as opposed to viscerally) and in the gluteal region
in females up to a certain amount of total-body AT (Krotkiewski et al., 1983; Kvist et al.,
1988a; Kvist et al., 1990; Després, 2012). Thus, to properly evaluate whether sex-specific
equations provide significantly better results, we need to examine a dataset that includes
more females.
Aging should not be a factor of influence on the reliability of our equations: the body
composition variation between age categories is just a matter of differential amounts and
proportions. Accordingly, variations in total body composition are reflected in the single
slices used for prediction.
Body height is likely to have an influence on total body composition assessment,
although this has not been evaluated in any other attempts to predict body composition
from single slices (Kvist et al., 1988a; Mourtzakis et al., 2008). Body height would need to
be tested as a regressor in further models. However, measuring slices located at L3-L4 or
L4-L5 levels takes into account one of the maximum breadths of the body (corresponding
to bicristal breadth) that is also one of the proxies for body size. It has been shown that this
measurement is proportional to AT more than it is to LT (Chumlea et al., 2002) and this
would explain why AT and LT areas at the waist level predict better AT and LT volumes
and masses than those at the mid-thigh level.
The current study is an exploratory step into the definition of accurate and reliable
equations for estimating total body AT and LT based on single slices and whole-body CT
scan data. Due to the scarcity of available whole-bodyCT scans samples, the small size of our
sample did not allow providing sex-separated equations, which would probably increase
the accuracy of the equations. Although we checked the assumptions of the regressions to
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prevent for overfitting, the equations still need to be validated on an independent sample.
It would also be interesting to compare how they perform in a wider sample of living
humans CT scans with data of body composition estimated through DXA. It is however
hypothesized that the results of body composition either estimated with DXA or CT scans
would be very similar (Kvist et al., 1988a; Shen et al., 2004b;Mourtzakis et al., 2008).
We provide a sex-pooled equation for estimating the total body AT volume from a
slice located at the L4-L5 level with a mean percent absolute error (8.94%) that is lower
than those provided by the currently existing equations ([18.55; 18.59%]) in which the
whole-body AT volume was derived from 22 CT slices (Kvist et al., 1988b). Additionally, we
provided regressions to estimate the total body AT volumes from the L3-L4 and mid-thigh
slices in addition to equations for estimating the total body LT volume from single slices.
Similarly to Kvist et al.’s study (Kvist et al., 1988a), the best predictive equation for the total
body AT volume was that based on the AT area at the L4-L5 level.
For the estimation of the LT volume, the best predictor was the LT area of the mid-thigh
(%PE= 7.76). This result might be related to the fact that the mid-thigh slice displays
a greater amount of LT than the L3-L4 and L5-L5 slices. Complementing our results, it
has been shown (Marquis et al., 2002) that muscle area measured at mid-thigh is the best
predictor of chronic obstructive pulmonary disease (COPD)mortality, asmid-thighmuscle
area is an index of muscle mass which loss increases the risk of mortality in chronic diseases.
We also provide equations for estimating the total body AT and LT masses from a slice
located at the L4-L5 level and compare themwith the only available study based onCT scans.
Our predictive equations provide lower mean percent prediction errors ([8.80; 8.92%]
than those provided by Mourtzakis et al. (%PE= [18.41;22.49]). Mourtzakis et al. (2008)
provided a set of equations for predicting the total body fat (FM) and fat-free masses (FFM)
from the AT and LT areas of two CT scan slices located between the 3rd and 4th lumbar
vertebrae. Although Mourtzakis et al.’s equations have been found to be inaccurate by
Kilgour et al. (2016), we chose to compare our equations against theirs because Mourtzakis
et al.’s study is, to our knowledge, the only one that quantified the power of estimating
body components masses from a single CT slice. It should be noted that DXA, which was
used by Mourtzakis et al. to assess the body composition, provides data for fat mass (FM)
and fat-free mass (FFM), which are different components than the AT and LT (Shen et al.,
2003; Prado & Heymsfield, 2014). Adipose tissue is directly measurable through CT and
MRI because it has a specific density; its chemical composition includes lipids (83%), water
(2%), and proteins and minerals (2%). AT is subcutaneous but also visceral, interstitial
(i.e., interspersed among the cells of the organs) and in the yellowmarrow and has a density
of 0.923 g/cm3 (Shen et al., 2003). In comparison, fat is indirectly measurable with DXA
(via its subtraction from the fat-free mass or body cell mass). Chemically, fat is composed
of lipids in the form of triglycerides. Fat is primarily found in the adipose tissue but also
exists in other tissues and has a density of 0.900 g/cm3 (Shen et al., 2003). Although fat and
AT are similar, they are not identical (Shen et al., 2003). Thus, the predictive power of our
equations for estimating the AT and LT masses are comparable with those of Mourtzakis
et al.’s equations only to a certain extent.
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To further understand, it would be beneficial to measure skeletal muscle independently
from LT, which would allow for the testing of Shen et al.’s (2004a) predictive equations
based on single slices (located either 5 cm above or below L4-L5) and body composition
data (skeletal muscle and adipose tissue, respectively) of whole-body MRIs.
Additionally, the prediction system based on the composition of multiple slices that
we created produced the best predictions. This finding demonstrates that if the body
components areas of several slices are known, these areas in conjunction with machine
learning tools can be used to improve the estimations produced by single-slice methods.
The LOOCV applied to the multi-slice predictions validated the results.
These results would not have been possible without a method for individually
determining the AT densities on whole-body CT scans. This method was proven useful,
reproducible, and reliable in the present study. While based on specific scanner parameters,
this method is not dependent on the software used because it only employed a classical
median denoising algorithm.
In summary, we assessed the total body AT and LT volumes and masses on whole-body
CT scans of 41 people with a wide range of known weights. From this data, we tested
two existing equations for estimating the total body AT volume from a single slice located
between the 4th and 5th vertebrae (Kvist et al., 1988a) aswell as two equations for estimating
the AT and LT total body masses from a slice located at the L3-L4 level (Mourtzakis et al.,
2008). The predictions have also been tested and cross-validated with the use of all three
slices at once with SVMR, producing lower errors of prediction. The new equations
produced lower prediction errors than the previously published equations and should be
applicable to a broad range of weights and body composition.
ACKNOWLEDGEMENTS
The authors are grateful to Niels Lynnerup for making this work possible. The authors also
would like to sincerely thank Adria Rodriguez for acting as the second observer during
the validation of our protocol for identifying the optimal cutoff density between AT and
LT. The women sample used in this study are part of the Danish project ‘‘SURVIVE: Let
the dead help the living’’, a prospective, nationwide autopsy-based study carried out in
collaboration between the Forensic Institutes in Copenhagen, Odense and Aarhus. We
would like to thank of all the forensic technicians of the Section of Forensic Pathology of the
Department of Forensic Medicine, University of Copenhagen, for their help in performing
the CT scanning.
ADDITIONAL INFORMATION AND DECLARATIONS
Funding
This work was supported by STARS (Supporting TAlented PhD Research Students, Charles
University), the Fondation Marie-Rose et Michel Bézian (Institut de France), the GAUK
no. 230516 (Charles University Grant Agency) and a mobility grant (Charles University).
The funders had no role in study design, data collection and analysis, decision to publish,
or preparation of the manuscript.
Lacoste Jeanson et al. (2017), PeerJ, DOI 10.7717/peerj.3302 14/18
Grant Disclosures
The following grant information was disclosed by the authors:
STARS (Supporting TAlented PhD Research Students, Charles University).
Fondation Marie-Rose et Michel Bézian (Institut de France).
Charles University Grant Agency: 230516.
Mobility grant (Charles University).
Competing Interests
The authors declare there are no competing interests.
Author Contributions
• Alizé Lacoste Jeanson conceived and designed the experiments, performed the
experiments, analyzed the data, wrote the paper, prepared figures and/or tables.
• JánDupej conceived and designed the experiments, performed the experiments, analyzed
the data, contributed reagents/materials/analysis tools, prepared figures and/or tables,
reviewed drafts of the paper.
• Chiara Villa contributed reagents/materials/analysis tools, reviewed drafts of the paper.
• Jaroslav Brůžek reviewed drafts of the paper.
Human Ethics
The following information was supplied relating to ethical approvals (i.e., approving body
and any reference numbers):
No formal ethical consent is needed from Danish ethical committees to work with CT
images of dead humans. Medico-legal autopsies are mandated by the police and CT scans
are part of the routine investigation at the Department of Forensic Medicine (University
of Copenhagen). The Department of Forensic Medicine adheres to Danish standards
accreditation regarding data security. No personalized data can be exported from the
systems. All personal data are removed from all images, as they have no use in the project;
only age, sex, weight and height data were retained.
Data Availability
The following information was supplied regarding data availability:
The raw data has been supplied as a Supplementary File.
Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.3302#supplemental-information.
REFERENCES
Ballor DL, Katch VL. 1989. Validity of anthropometric regression equations for pre-
dicting changes in body fat of obese females. American Journal of Human Biology
1:97–101 DOI 10.1002/ajhb.1310010114.
Bredella MA, Ghomi RH, Thomas BJ, Torriani M, Brick DJ, Gerweck AV, Misra M,
Klibanski A, Miller KK. 2010. Comparison of DXA and CT in the assessment of
Lacoste Jeanson et al. (2017), PeerJ, DOI 10.7717/peerj.3302 15/18
body composition in premenopausal women with obesity and anorexia nervosa.
Obesity 18:2227–2233 DOI 10.1038/oby.2010.5.
ChumleaWC,WisemandleW, Guo SS, Siervogel RM. 2002. Relations between frame
size and body composition and bone mineral status. American Journal of Clinical
Nutrition 75:1012–1016.
Després JP. 2012. Body fat distribution and risk of cardiovascular disease: an update.
Circulation 126:1301–1313 DOI 10.1161/CIRCULATIONAHA.111.067264.
Duren DL, Sherwood RJ, Czerwinski SA, Lee M, Choh AC, Siervogel RM, Cameron
ChumleaW. 2008. Body composition methods: comparisons and interpretation.
Journal of Diabetes Science and Technology 2:1139–1146
DOI 10.1177/193229680800200623.
GamerM, Lemon J, Fellows I, Singh P. 2005. irr: various coefficients of interrater
reliability and agreement. Available at https://CRAN.R-project.org/package=irr .
Heymsfield SB. 2008. Development of imaging methods to assess adiposity and
metabolism. International Journal of Obesity 32:S76–S82 DOI 10.1038/ijo.2008.242.
Heymsfield SB, Fulenwider T, Nordlinger B, Barlow R, Sones P, Kutner M. 1979.
Accurate Measurement of Liver, Kidney, and Spleen Volume and Mass by
Computerized Axial Tomography. Annals of Internal Medicine 90:185–187
DOI 10.7326/0003-4819-90-2-185.
Irving BA,Weltman JY, Brock DW, Davis CK, Gaesser GA,Weltman A. 2007. NIH
ImageJ and Slice-O-Matic computed tomography imaging software to quantify soft
tissue. Obesity 15:370–376 DOI 10.1038/oby.2007.573.
Kilgour RD, Cardiff K, Rosenthall L, Lucar E, Trutschnigg B, Vigano A. 2016. Use
of prediction equations to determine the accuracy of whole-body fat and fat-free
mass and appendicular skeletal muscle mass measurements from a single abdominal
image using computed tomography in advanced cancer patients. Applied Physiology,
Nutrition, and Metabolism 41:70–75 DOI 10.1139/apnm-2015-0068.
Krotkiewski M, Björntorp P, Sjöström L, Smith U. 1983. Impact of obesity on
metabolism in men and women. Journal of Clinical Investigation 72:1150–1162
DOI 10.1172/JCI111040.
Kvist H, Chowdhury B, Grangard U, Tylen U, Sjöström L. 1988a. Total and visceral
adipose-tissue volumes derived from measurements with computed-tomography in
adult men and women: predictive equations. American Journal of Clinical Nutrition
48:1351–1361.
Kvist H, Chowdhury B, Sjöström L, Tylen U, Cederblad A. 1988b. Adipose tissue
volume determination in males by computed tomography and 40K. International
Journal of Obesity 12:249–266.
Kvist H, Sjöström L, Chowdhury B, AlpstenM, Arvidsson B, Larsson L, Cederblad A.
1990. Body fat and adipose tissue determinations by computed tomography and by
measurements of total body potassium. In: In vivo body composition studies. Boston:
Springer, 197–218.
Landis JR, Koch GG. 1977. The measurement of observer agreement for categorical data.
Biometrics 33:159–174 DOI 10.2307/2529310.
Lacoste Jeanson et al. (2017), PeerJ, DOI 10.7717/peerj.3302 16/18
Leahy S. 2011. An analysis of body composition and its measurement in a sample of Irish
adults aged 18-81 years. Limerick: University of Limerick.
Lee JJ, Freeland-Graves JH, Pepper MR, YuW, Xu B. 2015. Efficacy of thigh volume
ratios assessed via stereovision body imaging as a predictor of visceral adipose tissue
measured by magnetic resonance imaging. American Journal of Human Biology
27:445–457 DOI 10.1002/ajhb.22663.
Lemieux S, Lesage M, Bergeron J. 1999. Comparison of two techniques for measurement
of visceral adipose tissue crosssectional areas by computed tomography. American
Journal of Human Biology 11:61–68
DOI 10.1002/(SICI)1520-6300(1999)11:1<61::AID-AJHB6>3.0.CO;2-3.
Marquis K, Debigaré R, Lacasse Y, LeBlanc P, Jobin J, Carrier G, Maltais F. 2002.
Midthigh muscle cross-sectional area is a better predictor of mortality than body
mass index in patients with chronic obstructive pulmonary disease. American Journal
of Respiratory and Critical Care Medicine 166:809–813 DOI 10.1164/rccm.2107031.
Mazzoccoli G. 2016. Body composition: where and when. European Journal of Radiology
85:1456–1460 DOI 10.1016/j.ejrad.2015.10.020.
Meyer D, Dimitriadou E, Hornik K,Weingessel A, Leisch F, Chang C-C, Lin C-C. 2015.
e1071: misc functions of the Department of statistics, probability theory group
(Formerly: E1071) :GPL–2–62. Available at http://CRAN.R-project.org/package=
e1071.
Mitsiopoulos N, Baumgartner RN, Heymsfield SB, LyonsW, Gallagher D, Ross R.
1998. Cadaver validation of skeletal muscle measurement by magnetic resonance
imaging and computerized tomography. Journal of Applied Physiology 85:115–122.
Mourtzakis M, Prado CMM, Lieffers JR, Reiman T, McCargar LJ, Baracos VE. 2008.
A practical and precise approach to quantification of body composition in cancer
patients using computed tomography images acquired during routine care. Applied
Physiology, Nutrition, and Metabolism 33:997–1006 DOI 10.1139/H08-075.
Pedrera-Zamorano JD, Roncero-Martin R, Lavado-Garcia JM, Calderon-Garcia JF,
Rey-Sanchez P, Vera V, Martinez M, Moran JM. 2014. Segmental fat-free and fat
mass measurements by bioelectrical impedance analysis in 2,224 healthy spanish
women aged 18-85 years. American Journal of Human Biology 27:468–474.
Prado CMM. 2013. Body composition in chemotherapy: the promising role of CT
scans. Current Opinion in Clinical Nutrition and Metabolic Care 16:525–533
DOI 10.1097/MCO.0b013e328363bcfb.
Prado CMM, Heymsfield SB. 2014. Lean tissue imaging: a new era for nutritional
assessment and intervention. Journal of Parenteral and Enteral Nutrition 38:940–953
DOI 10.1177/0148607114550189.
RDevelopment Core Team. 2015. R: a language and environment for statistical
computing. Vienna: R Project for Statistical Computing. Available at https://www.r-
project.org/ .
Rössner S, BoWJ, Hiltbrandt E, HinsonW, Karstaedt N, Santago P, SobolWT, Crouse
JR. 1990. Adipose-tissue determinations in cadavers—a comparison between cross-
sectional planimetry and computed-tomography. International Journal of Obesity
14:893–902.
Lacoste Jeanson et al. (2017), PeerJ, DOI 10.7717/peerj.3302 17/18
Schindelin J, Arganda-Carreras I, Frise E, Kaynig V, Longair M, Pietzsch T, Preibisch S,
Rueden C, Saalfeld S, Schmid B, Tinevez J-Y, White DJ, Hartenstein V, Eliceiri K,
Tomancak P, Cardona A. 2012. Fiji: an open-source platform for biological-image
analysis. Nature Methods 9:676–682 DOI 10.1038/nmeth.2019.
Schneider CA, RasbandWS, Eliceiri KW. 2012. NIH Image to ImageJ: 25 years of image
analysis. Nature Methods 9:671–675 DOI 10.1038/nmeth.2089.
ShenW, Punyanitya M,Wang Z, Gallagher D, OngeM-PS, Albu J, Heymsfield SB,
Heshka S. 2004b. Total body skeletal muscle and adipose tissue volumes: estimation
from a single abdominal cross-sectional image. Journal of Applied Physiology
97:2333–2338 DOI 10.1152/japplphysiol.00744.2004.
ShenW, Punyanitya M,Wang ZM, Gallagher D, St-OngeMP, Albu J, Heymsfield SB,
Heshka S. 2004a. Visceral adipose tissue: relations between single-slice areas and
total volume. American Journal of Clinical Nutrition 80:271–278.
ShenW,Wang ZM, Punyanita M, Lei JB, Sinav A, Kral JG, Imielinska C, Ross R,
Heymsfield SB. 2003. Adipose tissue quantification by imaging methods: a proposed
classification. Obesity Research 11:5–16 DOI 10.1038/oby.2003.3.
Shuster A, Patlas M, Pinthus JH, Mourtzakis M. 2012. The clinical importance of
visceral adiposity: a critical review of methods for visceral adipose tissue analysis. The
British Journal of Radiology 85:1–10 DOI 10.1259/bjr/38447238.
Thibault R, Genton L, Pichard C. 2012. Body composition: why, when and for who?
Clinical Nutrition 31:435–447 DOI 10.1016/j.clnu.2011.12.011.
Villa C, Primeau C, Hesse U, Hougen HP, Lynnerup N, Hesse B. 2017. Body surface area
determined by whole-body CT scanning: need for new formulae? Clinical Physiology
and Functional Imaging 37:183–193 DOI 10.1111/cpf.12284.
Wells JCK. 2012. Sexual dimorphism in body composition across human populations:
associations with climate and proxies for short- and long-term energy supply.
American Journal of Human Biology 24:411–419 DOI 10.1002/ajhb.22223.
World Health Organization. 1995. Physical status: the use and interpretation of
anthropometry. Technical Report Series No. 854. WHO, Geneva. Available at http:
//www.who.int/ childgrowth/publications/physical_status/ en/ .
Yoshizumi T, Nakamura T, YamaneM. 1999. Abdominal fat: standardized technique for
measurement at ct 1. Radiology 211:283–286
DOI 10.1148/radiology.211.1.r99ap15283.
ZechW-D, Jackowski C, Buetikofer Y, Kara L. 2014. Characterization and dif-
ferentiation of body fluids, putrefaction fluid, and blood using Hounsfield
unit in postmortem CT. International Journal of Legal Medicine 128:795–802
DOI 10.1007/s00414-014-1030-0.
Zhang Y,Wu L. 2011. Optimal multi-level thresholding based on maximum
tsallis entropy via an artificial bee colony approach. Entropy 13:841–859
DOI 10.3390/e13040841.
Lacoste Jeanson et al. (2017), PeerJ, DOI 10.7717/peerj.3302 18/18
